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Supplementary

S.1 Network Details

In our experiments, we train an auto-decoder based network which is an 8-layer MLP, and each
hidden layer contains 384 neurons. We use the LeakyReLU activation function as the non-linearity.
The latent embedding z is a 128-D vector. For better convergence, sharing the spirit from [4], a skip
connection is built between inputs and the third hidden layer, i.e., the inputs are concatenated to the
output of the third hidden layer. In the training, the ADAM optimizer [3] is adopted with the learning
rate 10

−3, and the network is trained for 2000-3000 epochs. Rather than following the traditional
training routine in the reconstruction and interpolation tasks, the training strategy for the generation
task is to freeze the learned latent embedding weights after 1000 epochs, such that the training is
more stable across glyphs of the same font family.

We also experimented with sine activation function [5] and high-frequency Fourier feature positional
encoding [6]. However, both of them do not learn a continuous latent space to perform generative tasks
as discussed in the main paper (Section 4). Therefore, we choose LeakyReLU over the alternatives.

S.2 More Qualitative Results

We also include more results on reconstruction, interpolation, full glyph input generation, and
partial glyph input generation. All the images presented are rendered at 4x - 16x of their training
resolution. Among the shared results, we have hand-picked interesting font family reconstruction
results. However, the interpolation, full glyph input generation, and partial glyph input generation
results are randomly sampled. This combination should give the reader a sense of the capabilities of
our pipeline. We show samples of the results in Figures S.1, S.2, S.3, S.4, and S.5 (link to download
more results).

S.3 Ablation study.
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Bi-lateral re-samplingThe key to achieving sharp corners in our method is the multi-

channel SDF representation, which models multiple curves to bet-
ter construct corners. An alternative can be to directly supervise
multi-channel signals by raster, i.e., removing the intermediate SDF
representation. We compare the two methods in Table S.1, where
SDF implicit re-sampling and pixel implicit re-sampling denotes the
methods with and without SDF representation, respectively.

The inset shows ablation results where the SDF implicit re-sampling achieves sharper corners. For
re-sampling higher resolution images, our method provides two ways: 1) implicit re-sampling and 2)
bilateral re-sampling. The implicit re-sampling performs dense sampling through the implicit model
to obtain higher resolution SDF and thus rendering higher resolution shapes. Bilateral re-sampling
will directly upsample the SDF prediction from the implicit model to the target resolution.
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Table S.1: Ablation study on reconstruction quality at different resolutions and sampling strategies.
MSE � s-IoU �

Methods 128 256 512 1024 128 256 512 1024
Pixel implicit re-sampling .0135 .0172 .0192 .0203 .8335 .8521 .8574 .8594
SDF bilateral re-sampling .0118 .0171 .0202 .0219 .8761 .8990 .9033 .9046
SDF implicit re-sampling .0118 .0170 .0201 .0218 .8750 .8978 .9035 .9049

S.4 Code and Data Preparation Details

We include a development version of our code in the supplemental folder to help the reader reproduce
our results. The README file in the code folder contains the link to a sample dataset and instructions
to train a model. The included local_eval_family python notebook helps the reader to generate results
similar to the ones presented in the paper.

In our implementation, we detect corners using the directly available vector graphics information. In
practice, however, one can always use methods like [2] where they report 99.3% corner detection
accuracy using random forests. For the sake of implementation convenience, we use [1] to generate
the MSDF representation and mask the neighborhood around the detected corners to generate corner
templates.

Figure S.1: Reconstruction Each reconstruction result we present contains 5 rows. The first row
corresponds to the estimated SDF, followed by individual channels in the multi-channel representation.
All the channels of the multi-channel representation combined and visualized in the fourth row.
Finally, in the last row, we show the reconstruction render.
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Figure S.2: Interpolation (upper case) Here we visualize the capital alphabets of a font family.
Each interpolation result we present is divided into 3 files corresponding to SDF, multi-channel
representation, and final renders. Each file contains 5 rows showing linear interpolation between font
family in the top to font family in the bottom in the learned latent space.

Figure S.3: Interpolation (lower case) Similar to the interpolation results of the capital letters of a
font family the interpolation of the small letters is also divided into 3 files corresponding to SDF’s,
multi-channel representation, and final renders. Each file contains 5 rows showing linear interpolation
between small alphabets of the font family in the top to small alphabets of the font family in the
bottom in the learned latent space.
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